Understanding the adaptive responses of individual bacterial strains is crucial for microbiome 24 engineering approaches that introduce new functionalities into complex microbiomes, such as 25 xenobiotic compound metabolism for soil bioremediation. Adaptation requires metabolic 26 reprogramming of the cell, which can be captured by multi-omics, but this data remains 27 formidably challenging to interpret and predict. Here we present a new approach that combines 28 genome-scale metabolic modeling with transcriptomics and exometabolomics, both of which are 29 common tools for studying dynamic population behavior. As a realistic demonstration, we 30 developed a genome-scale model of Pseudomonas veronii 1YdBTEX2, a candidate 31 bioaugmentation agent for accelerated metabolism of mono-aromatic compounds in soil 32 microbiomes, while simultaneously collecting experimental data of P. veronii metabolism during 33 growth phase transitions. Predictions of the P. veronii growth rates and specific metabolic 34 processes from the integrated model closely matched experimental observations. We conclude 35 that integrative and network-based analysis can help build predictive models that accurately 36 capture bacterial adaptation responses. Further development and testing of such models may 37 considerably improve the successful establishment of bacterial inoculants in more complex 38 systems. 39 40 41 42 43 44 45 46 47 48 49 50 3
ABSTRACT 23 Understanding the adaptive responses of individual bacterial strains is crucial for microbiome 24 engineering approaches that introduce new functionalities into complex microbiomes, such as 25 xenobiotic compound metabolism for soil bioremediation. Adaptation requires metabolic 26 reprogramming of the cell, which can be captured by multi-omics, but this data remains 27 formidably challenging to interpret and predict. Here we present a new approach that combines 28 genome-scale metabolic modeling with transcriptomics and exometabolomics, both of which are 29 common tools for studying dynamic population behavior. As a realistic demonstration, we 30 developed a genome-scale model of Pseudomonas veronii 1YdBTEX2, a candidate 31 bioaugmentation agent for accelerated metabolism of mono-aromatic compounds in soil 32 microbiomes, while simultaneously collecting experimental data of P. veronii metabolism during 33 growth phase transitions. Predictions of the P. veronii growth rates and specific metabolic 34 processes from the integrated model closely matched experimental observations. We conclude 35 that integrative and network-based analysis can help build predictive models that accurately 36 capture bacterial adaptation responses. Further development and testing of such models may 37 considerably improve the successful establishment of bacterial inoculants in more complex 38 systems. Microbiome engineering is an upcoming discipline that aims to manipulate, complement or 52 restore the functionality of existing damaged communities, e.g., contaminated soils, by adding 53 specific new metabolic capabilities 1 . A rational engineering approach requires a detailed 54 understanding of general principles of the functioning of the microbial community and its 55 physiological adaptations to perturbations, but such understanding is currently lacking and 56 fragmentary 1,2 . The technically most simple way to provide new metabolic capacities to an 57 existing microbial community is by strain addition (what one could call an N+1 scenario) 3, 4 . After 58 an initial screening of the existing capacity of the microbial community, one or more preselected 59 and well-characterized strains with the intended complementation could be prepared, 60 formulated and inoculated into the community. Depending on the aims, such inoculants should 61 maintain and reproduce for longer-term inside the resident community or only deploy their 62 metabolic capacity transiently 3, 4 . 63 Inoculation of preselected strains has been widely practised for pollutant bioaugmentation, using 64 bacteria with particular metabolic capabilities that enable them to efficiently degrade and grow 65 on common pollutants such as toxic aromatic compounds 5 . However, even the simplest 66 inoculations and N+1-strategies are rarely effective because it is insufficiently understood what 67 inoculants need to establish successfully within a (new) existing community, and how they need 68 to adjust their physiology to meet the requirements of the new environment and degrade the 69 desired toxic compound(s). Modeling strategies based on the integration of a variety of 70 (nowadays more easily) accessible condition-specific omics data, would help to better 71 understand and predict how cellular regulation and physiology at different growth conditions 72 and environments interplay. However, the impact and advantage of such integrative analysis are 73 not yet explored to its full extent 6 . We propose and demonstrate here that combining 74 comprehensive genome-wide transcriptomics, exometabolomics and metabolic modeling can 75 better predict physiological adaptation. 76 Metabolic modeling has largely advanced through the development of GEnome-scale Metabolic 77 models (GEMs) and constraint-based modeling techniques such as Flux Balance Analysis (FBA). 78 GEMs can be built from the annotated genomes and they describe an organism's metabolism as 79 4 completely as possible, linking genotype to metabolic phenotypes 7 . GEMs encompass 80 metabolites, metabolic reactions, and genes coding for the enzymes catalyzing the reactions. 81 Together with FBA, GEMs predict steady-state fluxes 8, 9 , and therefore, they can predict cellular 82 physiology. While the genome specifies the complete set of biochemical reactions which the cell 83 can potentially carry out, the actual enzymatic capacity at each physiological condition is 84 orchestrated by regulatory networks in the cell. GEMs do not explicitly consider regulation, 85 whose effects are better reflected in the global transcriptome and the metabolome 10-14 . FBA 86 approaches have been extended with RNAseq and metabolomics data to capture cell regulation 87 and more accurately describe cellular metabolic behavior 15 . For example, transcriptional 88 regulation of gene expression has been linked to GEMs, either by taking into account the absolute 89 expression values, scoring genes and subsequently reaction fluxes as active or non-active based 90 on their expression, [16] [17] [18] or by incorporating relative gene-expression 14,18 . Use of relative gene 91 expression is assuming that the relative changes between two conditions correlate with the 92 resulting differential flux profiles. Both approaches can lead to condition-specific GEMs that are 93 more effective for inferring the actual biochemical activity and the observed physiology of the 94 microorganism. 95 As a study system for predicting physiology from an integrated GEM-transcriptome-metabolome 96 approach, we here use Pseudomonas veronii 1YdBTEX2. Strain 1YdBTEX2 is capable of degrading 97 a variety of mono-aromatic hydrocarbons such as benzene, toluene, ethylbenzene, and m-and 98 p-xylene (BTEX) 21-23 . The ability of P. veronii 1YdBTEX2 to grow in contaminated environments 99 makes it a promising candidate for rational complementation of microbial communities in 100 contaminated soils 24 . Based on an available manually curated high-quality genome 23 , we 101 reconstructed the first GEM for P. veronii (iPsvr). Genome-wide transcription changes and 102 exometabolome compounds were measured during growth of P. veronii on toluene, in 103 exponential and in stationary phase. Transcriptome and exometabolome data were integrated 104 into the iPsvr using the recently developed tool REMI (Relative Expression and Metabolomics 105 Integrations) 20 . Two obtained metabolic models representing exponential and stationary 106 physiologies were then used to evaluate growth rates and the production of biomass precursors, 107 and model predictions were compared to the experimentally observed values. Although the 108 5 temporal variations of the growth rate cannot be predicted using GEMs 25 , we showed that 109 introducing the additional regulatory information from gene expression and metabolomics data 110 into GEMs allows for consistently estimating growth rates at different growth phases. Finally, we 111 incorporated into iPsvr previously published transcriptomics data of P. veronii transits from liquid 112 culture to sand 23 to understand its physiological adaptation in soil. Our work shows strong 113 consistency of model outputs with the experimental data, manifesting that integration of 114 condition-specific omics data into a curated GEM constitutes a major improvement for prediction 115 of metabolic reprogramming during adaptation. 116 
117

RESULTS
118
Developing an integrated genomic-transcriptomic-metabolomic workflow 119 To develop a pipeline that integrates genomics with transcriptomic and metabolomic data we 120 advanced in three stages: 1.) Quantify the cellular states at each unique growth phase by 121 genome-wide transcriptomics, and exometabolomic data from spent media composition (Fig. 122 1A); 2.) Construct a GEM for P. veronii strain 1YdBTEX2 (iPsvr), gap-fill missing parts of the 123 metabolism (compounds and reactions), complement genome annotation using the 124 transcriptomics and exometabolomic data and estimate the steady-state growth rate using FBA 125 ( Fig. 1B) ; and 3.) Link the interrelationships between growth phases and the differentially 126 expressed genes and metabolite abundances by statistical inference and by REMI. The pipeline 127 generated two growth-phase-specific models, iPsvr-EXPO and iPsvr-STAT ( Fig. 1C ), which were 128 used to predict quantitative and dynamic readouts of P. veronii metabolism in both conditions 129 and in liquid-to-sand transition. 6 replicates clustered closely together, with slightly higher variability observed among the T24h 138 replicates ( Fig. S1A) . A pair-wise comparison of expression levels showed that 1458 (818 up-139 regulated and 640 down-regulated) out of the total 6943 genes (21%) were significantly 140 differentially expressed between EXPO and STAT phase cells, with at least 2-log fold-change 141 induction (false discovery rate [FDR]<0.05) ( Fig. 2A, B ).
142
A priori, based on the genome annotation, a subset of 1241 "metabolic genes" were used in the 143 GEM reconstruction (iPsvr). Out of these 1241, 300 (21%) were significantly differentially 144 expressed in EXPO vs. STAT phase cells (FDR<0.05) ( Table S2 ). The transition to STAT phase in 145 bacteria is characterized by growth arrest in response to several factors, such as nutrient 146 depletion, the accumulation of toxic compounds and environmental stress, which decrease 147 ribosomal activity and therefore protein synthesis. As anticipated, enriched GO terms for the 148 category "Biological Process" among the differentially expressed genes between EXPO and STAT 149 included "protein folding" (GO:0006457), "tRNA aminoacylation for protein translation" 150 (GO:0006418), "intracellular protein transmembrane transport" (GO:0065002) and "regulation 151 of transcription, DNA-templated" (GO:0006355) (Table S3 ), thus indicating cells to be more active 152 in EXPO phase, as expected. Consistent with nutrients becoming depleted in STAT phase, the 153 terms "benzoate catabolic process via hydroxylation" (GO:0043640) and "tricarboxylic acid cycle" 154 (GO:0006099) (Table S3) (Table 1) . 181 The scope of iPsvr GEM was further widened by restoring the connectivity of the remaining 182 'blocked' reactions, i.e., isolated reactions that carry zero flux at any condition. To this end, we 183 explicitly considered the empirical gene-expression and exometabolomics data. We first used a 184 graph-based algorithm (see Methods) to decompose the iPsvr metabolic network into its main 185 subnetworks of 1370 reactions and 23 blocked reactions/pathways of different lengths, with the 186 longest blocked pathway consisting of seven reaction steps (Table S4 ). Out of 191 blocked 187 reactions/pathways, we identified those associated with differentially expressed genes between 188 the two growth conditions and the ones whose participating metabolites were present in the 189 exometabolomic data. The identified reactions/pathways were next unblocked by gap-filling as 190 described in the Methods section. Interestingly, we identified gap-filling reactions that had been 191 annotated to P. veronii genes with RAVEN but had a lower score than the ones chosen as a 192 baseline for the draft reconstruction of iPsvr. The gap-filling algorithm introduced 50 new 193 metabolic reactions together with their corresponding 26 genes to iPsvr (Table 1 and Table S5 ). The experimentally determined maximum specific growth rate of P. veronii strain 1YdBTEX2 in 198 minimal medium with toluene as the sole carbon source was in the range of 0.25 h -1 to 0.35 h -1 . 199 Computational prediction of the growth rate on toluene from the curated iPsvr using Table 2 ). 256 The integration of exometabolomics data alone (REMI-TM) was insufficient, with a predicted 257 growth rate of 0.86 h -1 , which is close to the rate of 0.91 h -1 that was obtained for the 258 unconstrained iPsvr model ( Analysis of the biomass precursor production at different growth phases 270 To understand the underlying mechanisms of growth reduction when cells transit from EXPO to 271 STAT, we identified the biomass precursors that may become limiting in the stationary phase, 272 therefore leading to growth arrest. The 65 biomass precursors were grouped into seven groups 273 of biomass building blocks (BBBs), namely carbohydrates, cofactors and vitamins, DNA 274 nucleotides, lipids, minerals, amino acids, and RNA nucleotides. For each metabolite, we 275 calculated the log2 fold-change of their maximal production between EXPO and STAT using REMI- 276 TGex and REMI-TGexM (Table S6 ).
277
Both REMI-TGex and REMI-TGexM indicated large variations in the production of BBBs between 278 the two phases ( Fig. 4) , the maximal relative change occurring in the production of cofactors and 279 vitamins. Out of the 20 precursors that were classified as cofactors and vitamins, the production 280 of 10 (REMI-TGexM) and 18 (REMI-TGex) of them was at least 2-log fold-change higher in iPsvr- 281 EXPO than in iPsvr-STAT (Table S6 ). Rather surprisingly, an increased production of certain BBBs 282 occurred in STAT. Both REMI-TGex and REMI-TgexM predicted that several amino acids, e.g., 283 tyrosine and lysine, and some lipids, e.g., hexadecanoic acid, had at least a 2-log fold-change 284 higher production in STAT ( Fig. 4A & B) . As before, the variant with integration of only 285 exometabolomic data (REMI-TM) did not predict any significant differences in the production of 286 BBBs between EXPO and STAT culture (Table S6 ). 287 288 P. veronii adaptation from liquid culture to the soil as growth environment 289 Finally, as an additional validation of our approach, we predicted the in silico physiology for P. 290 veronii during adaptation to the soil environment, using a previously published genome-wide 291 transcriptome data set of cells exposed for 1 h to liquid medium or to sand, with either toluene 292 or succinate as carbon substrate 23 . 293 Integrating the transcriptomic data 23 into iPsvr using REMI-TGex, produced in silico growth rates 294 of 0.52 and 0.66 h -1 for toluene or succinate in liquid medium. Remarkably, the model predicted 295 strong reduction of growth rate upon transition to the sand, i.e., from 0.52 h -1 to 0.23 h -1 296 (toluene) and 0.66 h -1 to 0.07 h -1 (succinate). This suggests that cells have to adapt to soil as their 297 new environment and have to reprogram their physiology before resuming growth. The higher 298 12 reduction of growth in case of succinate is in agreement with experimental results in the previous 299 study 23 , and can be explained from the lower concentration of succinate than toluene available 300 in the soil, therefore rapidly used by the cells and leading to nutrient starvation. 301 To understand how the transition from liquid medium to sand constrains the metabolic fluxes 302 and impacts growth of P. veronii, we analyzed the production of BBBs in both growth 303 environments. Intrestingly, we observed the same robust reduction in the production of 304 cofactors and vitamins upon transition to sand in the case of succinate, as had been predicted 305 for transition to STAT in liquid culture (14 out of 20 precursors with more than 2-log fold lower 306 production ). In contrast, in case of cells exposed to toluene in sand only 8 of the cofactor and as the number of genes/metabolites with available omics data that can be integrated into iPsvr. 343 We illustrated through two gap-filling examples on toluene and phenylalanine metabolism how 344 we could add the missing parts of metabolism and increase consistency. the production of the metabolite is forced to be higher as compared to a reference condition, 586 and similarly, a lower production of a metabolite is forced if a metabolite is found to be 587 22 downregulated. Then, an optimization problem is formulated to maximize the number of 588 constraints imposed by the relative gene expression and metabolite abundances that can be 589 integrated into the model while preserving a growth phenotype. Two scores are calculated: a 590 theoretical maximum consistency score (TMCS), representing the number of genes/metabolites 591 with available omics data, and the maximum consistency score (MCS), representing the number 592 of genes/metabolites whose relative omics data are consistent with relative network fluxes and 593 therefore can be integrated in the model. 594 The MILP formulation enables enumerating alternative sets (size equal to MCS) from a given set 595 of constraints. The most consistent models are built by activating constraints that are overlapping 596 and consistent between all the alternatives. 597 We used the transcriptomics and/or exometabolomics datasets measured at the exponential and 598 stationary phase and also at the sand versus liquid environment, to derive additional flux 599 constraints for the TFA problem, which were applied using REMI.
601
Thermodynamics-based flux analysis (TFA) and the analysis of the biomass building blocks 602 To determine fluxes and subsequently the growth rate at different growth and environmental 603 conditions using iPsvr, we employed FBA, the most widely used constraint-based modeling 604 technique for studying biochemical networks and cellular physiology. Previous studies show that 605 the integration of appropriate thermodynamic constraints leads to more accurate metabolic 606 model predictions and also a significant reduction in the ranges of the predicted fluxes (solution 607 space) 8,32 . We perform TFA for estimating the growth rate before and after the integration of 608 omics data. 609 We further identified the biomass building blocks (BBB), wherein a low/zero production limits 610 growth upon the transition of cells from the exponential to stationary phase or from liquid to the 611 soil environment (two examples that were discussed in this work). Each BBB was tested by 612 defining the TFA objective function as the maximum production of that metabolite under the 613 defined media condition (the same for all the BBBs). Then, the BBB production was compared 614 and the limiting BBBs for each case were identified. Table S7 . 838 839 840 33 SUPPLEMENTARY TABLES (given as an excel file and each excel sheet is a Supplementary Table) 841 Table S5 . Gap-filled reactions introduced into the iPsvr with their corresponding genes.
847 Table S6 . Differential in silico production (mmol/gDW/h) of biomass precursors, grouped in 848 seven biomass building block groups, between the exponential and stationary growth phase 849 using REMI-TGexM, REMI-TGex and REMI-TM. 850 
